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Abstract

Ruminants are central to the economic and nutritional life of much of sub-Saharan Africa, but cattle are now
blamed for having disproportionately large negative environmental impact through (amongst other things)
emissions of greenhouse gases. However, the exact mechanism behind these emissions is not well-understood
and indeed accurate estimates themselves are lacking due to a paucity of reliable data. Employing individual
animal records obtained at regular farm visits, this study quantified emissions intensities (EIs) of smallholder
farms in three counties of Western Kenya through life cycle assessment (LCA). Crude protein (CP) was chosen
as the functional unit to capture outputs of both milk and meat. The results showed that milk is responsible for
80-85% of total CP output. Farm EI ranged widely from 20- >1,000 kg CO2-eq/kg CP and median EIs were
60, 71 and 90 kg CO2-eq/kg CP for Nandi, Bomet and Nyando respectively. EIs referenced to milk alone
revealed that while the median EI for Western Kenya (2.3 kg CO2-eq/kg milk) was almost twice that reported
for Europe, up to 50% of farms had EIs comparable to the mean Pan- European EIs. Enteric CH4 contributed
>95% of emissions and manure ~4%, with negligible emissions attributed to input to the production system.
Collecting data from individual animals on smallholder farms enabled the demonstration of an extremely
heterogenous EI environment amongst smallholder farms and provides clear indicators on how to achieve low
EIs in these environments. Contrary to some current belief, our data show that industrial- style intensification
isn’t required to achieve low EI, and that this can be achieved in a low input environment. Enteric CH4
production overwhelmingly drives farm emissions in these systems and, as this is strongly collinear with
nutrition and intake, effort will be required to achieving an “efficient frontier” between feed, emissions and
animal productivity.

Introduction

Livestock plays an important role in social and economic growth of Africa (Herrero et al., 2013). Driven by
steady increases in population, gross domestic product (GDP), and household incomes (Steinfeld et al., 2006),
demand for livestock products is rapidly growing (Thornton, 2010), with consumption of beef and milk
forecast to increase by 261% and 399% respectively, between 2010 and 2050 (FAO, 2017). At the same time,
supply of livestock products in Africa is constrained by competition with other sectors for scarce natural
resources, suboptimal animal husbandry practices, and unreliable availability and quality of feed (Thornton,
2010; Nkonya et al., 2016). Environmentally, these challenging conditions have resulted in an unusually high
proportion of regional anthropogenic greenhouse gas (GHG) emissions attributed to animal agriculture,
namely at 25% compared to the global average of 14.5% (Gerber et al., 2011; Gerber et al., 2013).
To date, the exact mechanism behind these high livestock emissions in the sub-Saharan African region — or
the accuracy of these estimates for that matter — is not clearly understood. This is primarily the case as most
GHG inventories in Africa have been collated using the Intergovernmental Panel on Climate Change (IPCC)
default (Tier I) emission factors (EF), an annual estimate of GHG emissions per head for each class of animals.
While this approach is often necessitated by a lack of detailed field data to produce country-specific EFs, it is
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subject to a large degree of uncertainty in the presence of locally and seasonally variable animal phenotypes
and feed baskets, two conditions that are almost always met in the local smallholder context (Herrero et al.,
2013; Goopy et al., 2018).
Nonetheless, accurate estimation of per head EFs alone do not capture the entire variability in climate impacts
across smallholder livestock farms (Goopy et al., 2018; Ndung’u et al., 2019), because in a production
environment where production per animal also varies, a farm’s overall GHG performance is better assessed by
emissions intensity (EI) (Moran & Wall, 2011) considering all material input into and output of the system
under the life cycle assessment (LCA) method (ISO, 2006). This view is particularly pertinent to agricultural
systems where the presence of unproductive livestock owned for a variety of non-economic reasons has been
suggested as a major cause of large on-farm emissions (Weiler et al., 2014). Paradoxically, however, these
systems are the ones with the greatest potential to mitigate GHG emissions simply via improved productivity,
and therefore among the most important to examine in detail (IPCC, 2007).
Using animal-level data collected across multiple seasons on 313 smallholder livestock farms in Western
Kenya, this study elucidates the distribution of farm-level EIs as well as their determinants. Although dairy
farming is the most developed agricultural sub-sector in Kenya, unintuitively it is predominantly supported by
smallholders in rural areas (Muriuki, 2013). In particular, Western Kenya’s Central and Rift Valley highland
regions produce 60% of the country’s milk supply (Muriuki, 2013), and their systems are representative of the
wider East Africa where livestock is an integral part of mixed agriculture that has a dual purpose of domestic
food production and cash generation. Thus, we developed the null hypotheses that:
i)
ii)
iii)

GHG EI in smallholder livestock production systems in Western Kenya do not vary between a) farms,
b) AEZs or c) regions.
ii) The contribution of meat production is unimportant to overall output from these farms as measured
by crude protein (CP) production, and
iii) EIs are similar to model-based estimates reported in the extant literature.

Methods and Study Site

Data used in this study were collected from 313 smallholding farms located across three counties in Western
Kenya: Nyando, Nandi and Bomet. Collectively, the study region encompasses six AEZs. For each county–
AEZ combination, sample farms were selected under a randomized stratified sampling procedure and data
collection comprised of five visits to each farm with a 12-month period as described in Goopy et al. (2018).
A cradle-to-farm gate approach was adopted to quantify herd-level EIs associated with cattle (Figure 1). In
order to eliminate the aggregation bias, or systematic underestimation of climate impacts caused by “weakest
link” animals (McAuliffe et al., 2018), these values were initially calculated on an animal-by-animal basis for
each season and subsequently combined across seasons and then animals in that order. Although cattle data
were repeatedly recorded for a period of 12 months, which constitute the temporal boundary of this study, the
herd structure of each individual farm was not always at a steady state due to movement of animals in and out
of the farms in the forms of sales, purchases, and temporary relocation to other farms during feed shortages.
Across the entire sample, however, this effect was assumed to be largely cancelled out due to the sufficient
sample size. The primary FU for the study was set as kg CP, encompassing both meat and milk production
from multi-purpose cattle. We assumed that all animals sold out of study farms were sold for meat (or sold for
further rearing before being on-sold for meat). Commensurably, animals purchased onto study farms were
accounted for as an offset to the gross output. Thus, the total CP yield from each animal during the study period
was defined as the net growth measured by the embedded CP content plus the CP content of milk produced.
To estimate the CP content of meat, a dressing percentage of 52.1% was assumed based on the locally most
relevant information (Muchenje et al., 2008). Meat yield was set at 85% of carcass weight (Department of
Agriculture and Rural Development, 2016) with a CP content of 21% (Muchenje et al., 2008). Edible byproducts (offal) were also included in the total meat CP yield to reflect the local culinary practice. These
included heart, kidneys, liver, lungs, spleen, tripe, tongue, and pancreas. The average offal yield (5.3% of LW)
and its CP content (18.2%) were obtained from the literature (Nollet & Toldra, 2011). In addition, FPCM (kg)
(IDF, 2010) and bone-free carcass weight (kg) were adopted as auxiliary FUs to facilitate the comparison of
results with single-commodity LCA studies for milk and meat, respectively. The FPCM was standardized to
4% fat and 3.3% true protein. The bone-free carcass weight was estimated using the assumptions described
above.
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Figure 1: System boundary for life cycle assessment of smallholder farms. Squares show feedstuff in the feedbasket where the sizes demonstrate the contribution of each feed to the overall feed-basket (NG: Napier grass;
MS: maize stover; RG: Rhodes grass; ST: sugarcane tops), ovals show the manure management systems.
shows the flow of raw materials and where the manure is deposited and → shows the farm inputs
and output.
Enteric CH4 emissions were calculated according to the approach described in Goopy et al. (2018). Composite
emission factors manure left on pasture (50%), in an enclosure (Boma) (25%) and in a pile (25%) for CH4 and
N2O manure were both estimated as weighted averages of the values locally measured under the three
conditions. Annual gas-by-gas emissions attributable to each animal were converted to global warming
potential (GWP) under the 100-year Global Warming Potential (GWP100) method, which assumes the
characterization factors of 28 and 265 for CH4 and N2O, respectively (IPCC, 2013). This value was next
aggregated across all animals within a single farm to estimate the farm-level GWP. Finally, the corresponding
farm-level EI (CO2-eq/kg CP) was derived as the ratio between GWP and the total (net) CP output. Initial
analysis of farm EIs (n = 313) identified a small number of farms across three counties (n = 25) with nil or
negative CP output, resulting in aberrant (infinitely large) EIs. Additionally, a small number of farms (n=4)
with positive but very low CP outputs (<3kg CP p.a.) returned extremely high EIs (>3,000kg CO2-eq/kg CP).
With the upper bound for EIs in livestock systems posited to be ~1,000kg CO2 eq/kg CP (Gerber et al., 2011),
the decision was made that EIs above this value would be truncated. Similarly, the distribution of farm-level
EIs was preliminarily studied under a variety of exploratory data analysis methods. As this revealed that the
data were extremely right- skewed without a uniform variance, further investigations to explore the factors
contributing to differences in EI were undertaken using quantile regression (Koenker & Hallock, 2001). The
following quantiles were used for the present analysis: 0.85, 0.75, 0.5, 0.25 and 0.1. with a model created for
each of these quantiles. The explanatory variables considered include herd size, parity, average age (of cattle),
milk yield, meat yield, and total GHG emissions. Fixed effects associated with counties and AEZs were also
considered

Results

Distribution of farm EIs
Median farm EIs were estimated to be 67, 66, and 128 kg CO2-eq/kg CP for Nandi, Bomet, and Nyando
counties, respectively. However, the values of individual farms dramatically varied even within each county.
There was also substantial variation in the frequency of occurrence of low, intermediate, and high EI farms
between counties and AEZs, with Nyando having the greatest proportion of high EI farms (Figure 2).
Factors influencing farm-level EIs
Quantile regression revealed several management features that are highly influential to EI at the farm level,
irrespective of the county or AEZ. Some factors were universally important, while others only at some EI
quantiles. Despite the uneven contribution to total CP outputs, both meat and milk yields were significant
drivers of EI across all quantiles investigated. Mean milk yield per cow, rather than milk production per farm,
was found to be the most important driver of EI, with an increase in yield associated with a decrease in EI.
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Figure 2: Distributions of farm-level emissions intensities for smallholder farms in Nandi, Bomet and Nyando
An increase in herd size was found to increase EIs for low and medium EI (high and moderate performing)
farms (Q10: 𝛽𝛽𝛽𝛽𝛽𝛽 = 1.35, 𝑝𝑝 < 0.005, Q50: 𝛽𝛽𝛽𝛽𝛽𝛽 = 1.86, 𝑝𝑝 < 0.01,), whereas this tendency was not observed
among high EI (low performing) farms. Although the average age of cattle was not important to EI, the
proportion of females in a herd was negatively related to EI for most quantiles. The effect of calving percentage
was only significant — and positive — for high EI farms (p<0.005). Finally, there were no clear differences
in EI between AEZs, likely because the intrinsic differences were captured by other variables in the models.

Discussion

In many ways, nominal comparison of mean/median EIs between different dairy production systems obscures
important findings from the present study. Firstly, our data demonstrate that meat CP makes up 15-25% of
farm output across systems, and thus to ignore this would result in a substantial over-estimation of EI in
smallholder farms unless emissions attributable to the ‘by-product’ (meat) are appropriated allocated out.
Secondly, although a few studies have applied LCA to estimate EIs in African livestock systems (Opio et al.,
2013; Weiler et al., 2014; MacLeod et al., 2018; Kiggundu et al., 2019), input data have been derived from a
variety of secondary sources in every case, including post hoc farmer estimates, national census statistics,
FAOSTAT databases, and modelling based on these secondary data. In contrast, the results reported herein are
based on measurements of individual animals and actual feed baskets, providing a far clearer picture of the
heterogeneity of farm-level EIs across counties and AEZs. This approach, in turn, led to the revelation that
some 57%, 58% and 20% of the sample farms in Nandi, Bomet and Nyando achieved EIs comparable to
European/North American intensified operations and, notably, without employing a high degree of
intensification that is a hallmark of such systems. Characterization of the drivers of highly and less efficient
farms has provided insights into the factors driving low EIs in smallholder farms, something unachievable in
studies relying on secondary data. A curious finding of this study was the simultaneous presence of farms with
very high and very low efficiencies, even between neighbouring enterprises. Prima facie, the differences
between farms at the extremes of EI distribution were attributable to differences in CP output — very low EI
enterprises had substantial outputs, whereas very high EI enterprises had little or in some cases no output at
all in the course of the year. The absence of lactation and steady animal growth caused a small number of
individual farms to demonstrate exceptionally large EIs. Between extremes of EI, where the factors affecting
these values could be more clearly discerned, determinants of EI were not so readily apparent. Enteric
fermentation overwhelmingly drove emissions on all farms in all regions, 96 - 97% of total GHGs attributable
to this source. There are two readily identifiable causes of this difference. Firstly, the livestock systems in this
study were low input in terms of fertilizers, purchased feeds and mechanization, which in intensive European
farming systems account for 7 to 20% of total emissions (Opio et al., 2013; O'Brien et al., 2014; O’Brien et
al., 2015). Secondly, emissions from manure management were low as a result of a drier climate, rather than
those found in Europe under which manure may comprise 5 to 9% of total emissions (Opio et al., 2013; O'Brien
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et al., 2014; O’Brien et al., 2015). Examining the characteristics of farms with low EI farms provides insight
into effective strategies to move smallholder farms toward a low carbon future. Enteric CH4 production
overwhelmingly drives farm emissions in these systems and, as enteric fermentation is strongly linked to
nutrition, intake and productivity, attention must be focused on increasing on-farm output per animal while
constraining further increases in enteric CH4 as far as possible. Our results indicate mitigation potential towards
improving the productivity on a per animal basis and restructuring the herd in favour of productive females
with high(er) milk outputs. This will not only contribute to reduced carbon footprint but will also likely have
social and economic advantages such as increasing household incomes.
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